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Abstract
A robot should follow a given path as accurately as possible. There are however
almost always deviations from the desired path, and when the deviations become
too large it may be a problem. Some of the deviations stem from transmissions
of the robot, and the deviations become more pronounced when there are process
forces and gravitational forces present, that affect the transmissions. When position
is measured and controlled on the motor side, characteristics of the transmission
are not accounted for in the control of the robot, resulting in deviations from the
desired path. There are also deviations from the desired path that stem from links of
the robot, due to process forces and gravitational forces that affect the links.
To predict the deviations that stem from the transmissions, models of the trans-
missions were developed and used. Models that should be able to predict the devia-
tions that stem from the links were also developed. To acquire data about the char-
acteristics of the transmissions of a robot, tailored experiments were performed. To
acquire the data, the robot’s end-effector was locked to a stiff point in space, the
robot’s motors were run, and the robot’s sensors were used to log the data. This
procedure is known as a clamping procedure. The collected data were processed
to derive parameters that were used in the models of the transmissions. The robot
that was used was a KR 300 R2500 ULTRA, which is an industrial robot with six
degrees of freedom.
Simulations with the models of the transmissions were able to recreate the data
from the clamping procedure with great accuracy. This shows that the models of the
transmissions, with the parameters derived from the clamping procedure, capture
characteristics of the robot, that are not taken into account in the control of the
robot, which leads to deviations from the desired path.
The next step, that is not a part of this thesis, is to use a model of the whole
robot, that contains the models of the transmissions and the links, and to validate
that the robot model can recreate the deviations from a given path that the robot
takes.
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1
Introduction
1.1 Background
Industrial robots are cheaper and more flexible compared to CNC machines that are
widely used in industry. In [2] it was shown that path deviations from the desired
path is a problem for industrial robots. The reason that industrial robots can not be
used in certain machining tasks where CNC machines are used, is that their accuracy
is limited by low stiffness. Therefore there is a need to decrease the position errors
that stem from the low stiffness of industrial robots.
There are characteristics in transmissions of robots that cause deviations from a
desired path, like low stiffness, friction and backlash. These characteristics are often
not taken into account in the control of the robot. Previous work done that addresses
modeling of stiffness is presented in [2], [3], [15] and [6]. Earlier work that has been
done to model backlash is presented in [8] and [15]. In [5] a method for measuring
the joint friction is presented. In [14] and [1] there are methods presented to predict
or online estimate position deviations from the desired path due to process forces.
A goal is to develop a model of the joints, where stiffness, backlash and friction are
included. A simulation with this model of the joints would then be able to predict the
effects in the transmissions that causes the deviations. Parameters for the model of
the transmissions need to be derived from experimental data. To be able to recreate
the deviations from the desired path for the robot’s end-effector, a model of the
whole robot is needed.
1.2 Previous work done in this field
There are several approaches to increase position accuracy that address low stiffness
in industrial robots. One approach is to use external sensors and external actuators
to compensate for deformation in real time. In [17] and [20], an external tracking
system is used to detect position errors that is due to too low stiffness and process
forces. In [13] position-error compensation is performed when there are process
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forces present. An external actuator is used to compensate for the position errors in
real time in [17], and it is shown that the accuracy is increased up to three times.
Another approach is to use a robot’s own motors to compensate for deformation
due to low stiffness. The deformation can either be measured with external sensors,
or estimated using a model of the robot that take the stiffness into account if the
process forces are known. To be able to construct a model that can predict the po-
sition errors, data from the robot needs to be acquired. In [21], data that describe
the stiffness of a robot are acquired and a model is constructed that is used to com-
pensate for robot deformations, caused by external process forces, in real time. The
robot’s own motors and an external force sensor are used for the compensation. In
the identification of the stiffness of the robot, an air cylinder was used to achieve an
external force acting on the robot, an external force sensor to measure the external
force and a portable coordinate measurement arm for measuring the deformation
due to the external force. It is shown that using this approach the position errors can
be reduced by more than 60%.
In [4] there was a method presented that was based on the clamping of the
robot’s end-effector to a stiff point in space, and the use of the robot’s own motors
to derive information about the robot. Clamping was also used in [2], where the
joints were clamped, and an external load was applied to get information about the
robot’s stiffness Another method to derive data about a robot was presented in [11].
There are many advantages with the approach presented in [11], that uses clamping
for data acquisition. No expensive external sensors are needed as the data is logged
using the robot’s own sensors. The only external equipment that is needed is a device
to clamp the robot’s end-effector to a stiff environment. This method for acquiring
data is known as a clamping procedure. A validation of the feasibility of the method
is presented in [10]. Since no external sensors are used in the clamping procedure,
and the robot’s own motors are used in the compensation of position errors, this is
the cheapest method to increase the accuracy for industrial robots and should be
used whenever possible. It can furthermore take into account the actual mounting
in the work-cell and compliance in tooling, which would not be covered if only the
robot would be measured at the manufacturer.
1.3 Approach
The approach in this thesis is experimental. The work in this thesis extends the work
done in [10], as algorithms were developed to identify parameters from clamping
data. The parameters were used in models of the transmissions. The models were
then used in simulations to recreate data from experiments.
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1.4 Data acquisition
Data were acquired by locking the robot’s end-effector to a fixed point in space.
Then the robot’s motors were run and the motor positions and motor torques were
logged using the robot’s own sensors. The procedure to lock the robot’s end-effector
to a stiff point in space and run the robot’s own motors, to derive information about
the robot, is known as a clamping procedure. The procedure is presented in [11].
Data derived in this way are referred to as clamping data.
1.5 A transmission model
The main concern was to build a model of the transmission for one joint that was
able to recreate the data acquired from the clamping procedure. That was done by
using parameters identified from the clamping data. The next step was to use these
models of the transmissions as building blocks when a model of a whole robot was
constructed.
1.6 A robot model
A robot model was developed in Dymola, using the multibody libary of Modelica,
see [12]. The model of the transmissions was developed and tested in JModelica.org,
see [9], and then implemented again in Dymola.
1.7 Developed algorithms
There were two algorithms developed in order to identify the parameters for the
transmission model from the clamping data. The first developed algorithm, Algo-
rithm I, was not robust and did not use any information about the known structure
of the clamping data. The second developed algorithm, Algorithm II, was more ro-
bust, and used information about the known structure of the clamping data when the
identification was performed, which resulted in a better result. Matlab was used to
develop the algorithms.
1.8 Versions of the tools used
Version R2014b of Matlab, version 2013 of Dymola, and version 1.15b1 of JMod-
elica.org were used, all running on Windows 7.
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2.1 The Modelica language
The Modelica language is declarative, as it is used to state equalities and equations
relating different state variables rather than causal declarations, which is common
in simulation tools like, e.g., Matlab/Simulink. Modelica was used because it sep-
arates the models from the calculations. The models are expressed in the Modelica
language, and the solver of the implementation that is used calculates the results
of simulations. When models are used in simulations, the simulation engine of the
implementation that is used, manipulates the equations and determines the order of
execution. The equations have no predefined causality. The simulation engine that
manipulates and simulates the model differs in different implementations, though
the language is the same. The Modelica language requires balanced models. That
means that the model, with all connected components, ends up in a set of differ-
ential, algebraic and discrete equations where the number of unknowns and the
number of equations are the same.
The Modelica Language is free, and is developed by the Modelica Association
[19]. Modelica is an object-oriented declarative modeling language, and is used
for component-oriented modeling. Models of systems are built up and the models
are translated into objects, which are run in a simulation engine. The language is
designed to be used in variety of fields such as mechanical systems, fluid systems
and energy systems. There are several free libraries available that contain models
of components in many domains. These model components can be used to build up
more complex systems, such as gearboxes with friction and backlash or electrical
systems such as DC motors. The libraries with components make it possible to
build up complex systems without having expert knowledge of the physics behind
every part of the system. The Modelica language and the libraries make it easy to
build up models of systems using the available models of the components. One can
also create models by stating the physics behind them using the Modelica language.
These models can then be used to build up more complex systems. There are several
available modeling and simulation tools, both free and commercial, that make use
of the Modelica language.
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The Modelica Association develops a Standard Library, which is free. The Modelica
Standard Library is documented in [18]. The Standard Library contains models of
components and functions in various domains, such as, e.g., the mechanical library.
Both 1D and 3D models can by constructed. The 3D multibody library to model 3D
structures is presented in [12].
2.3 Implementations of Modelica such as Dymola and
JModelica.org
There are several implementations of the Modelica language avaliable. Dymola is
a commercial tool with a graphical user interface, where systems can be built up
using drag and drop programming with components from the available libraries. The
graphical representation of the system represents the underlying connections of the
different components used. Even though there is a graphical representation, models
can by built by writing the equations of the model using the Modelica language.
The Modelica code that is generated from the graphical representation can also be
viewed and edited.
JModelica.org is a free tool that implements Modelica. It has no graphical user
interface, and the models are built up by writing Modelica code.
2.4 FMU and the reuse of models in different tools
Models can be developed in one tool and used by the several others through an
interface called the functional mock-up interface (FMI), see [7]. A model developed
in one tool, such as the transmission model developed in JModelica.org, can then
be translated to an FMU (Functional Mock-up Unit), that implements the FMI. The
FMU can then be imported and executed in an other environment. The FMU is
useful because developed models can be plugged in to existing models and other
tools. There are two types of FMUs, one that just contains the model, and one that
contains both the model and a solver able to perform a simulation.
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3.1 Available models used
There were several models from the Modelica Standard Library that were used when
robot joint models were implemented. Below is a short description of the models
from the Modelica Standard Library that were used. For a more thorough review of
the models, see [18].
Modelica.Mechanics.Rotational.Sources.Torque: translates an input signal to a
torque acting on a flange.
Modelica.Mechanics.Rotational.Components.IdealGear: An ideal gear (with no
friction, damping, etc.), where the gear ratio can be chosen.
Modelica.Mechanics.Rotational.Components.BearingFriction: The rotation
that is led through the component is damped by a torque according to a look-
up table that can be chosen, i.e., the damping torque is determined by the speed
of the rotation, given in the table. The table consists of angular velocities and the
corresponding damping forces for each angular velocity. The damping force is
interpolated linearly between the defined points in the table. If the angular speed
is larger than what the table defines, an extrapolation is performed from the last
two entries in the table. Static friction is also included in this component. When
the angular velocity is zero, the force that tries to rotate the component must be
bigger than a certain threshold force before the rotation starts. This threshold force
is defined through the friction force in the table that is given when the angular
velocity is zero, multiplied with a constant that can be chosen.
Modelica.Mechanics.Rotational.Components.Inertia: A moment of inertia due
to a given mass and geometry.
Modelica.Mechanics.Rotational.Components.Damper: A viscous damper that
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has damping forces acting on the flanges of the model. The damping forces are
proportional to the speed difference between the two flanges.
Modelica.Mechanics.Rotational.Components.ElastoBacklash: This model con-
sists of a backlash connected in series with a linear rotational spring (Modelica.-
Mechanics.Rotational.Components.spring), and a viscous damper (Modelica.-
Mechanics.Rotational.Components.Damper).
Modelica.Mechanics.Rotational.Components.Fixed: A model that has a flange
with a given angle that does not change, no matter of the forces acting on it.
Modelica.Mechanics.Multibody.World: It gives a global coordinate system fixed
to the ground and defines a gravity field.
Modelica.Mechanics.Multibody.Joints.Revolute: Represents a joint with a rota-
tion around a given axis.
Modelica.Mechanics.Multibody.Parts.BodyShape: A rigid body with mass and
inertia.
3.2 A one-dimensional transmission model
A one-dimensional transmission model was implemented in JModelica.org using
the Modelica Standard Library. A graphical representation of the model is shown
in Figure 3.1. The model contains two rotational flanges, flange_a and flange_b,
that can be connected to other rotational elements in the Modelica Standard Li-
brary. The model of the transmission is constructed by the following components;
IdealGear, ElastoBacklash, BearingFriction, Inertia, Damper and Fixed. All these
components are found in the Modelica Standard Library (Modelica.Mechanics.-
Rotational.Components), in [18]. The developed 1D transmission model shown in
Figure 3.1 can be used as a building block in 3D mechanical structures using the
multibody library, without neglecting any dynamic effects, as described in [16].
The components are connected in this way to make the model capable of recre-
ating the clamping data during a simulation. If the robot’s transmissions were ideal
they could be modeled with an IdealGear. However, that is not the case, so the rest
of the components are needed to make the model capable of recreating the clamping
data. The idea is to use this model to more accurately simulate deviations from a
desired path. If the simulations are able to recreate position errors, they can be used
to increase the accuracy of the robot.
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Figure 3.1 A graphical representation of the one-dimensional transmission model
that was implemented in JModelica.org. This picture was generated from Dymola,
since JModelica.org does not currently have any graphical user interface.
The setup for the clamping simulation
The setup for a clamping simulation with the model in Figure 3.1 is shown in Figure
3.2. In Figure 3.2 the clamping point (that was modeled as a Fixed element) is
named ClampingPoint.
Figure 3.2 A representation of the clamped one-dimensional transmission model.
It was implemented in JModelica.org, but the picture was generated from Dymola.
3.3 A multi-axes model
A model of a robot was developed. Models from the Modelica Standard Library
were assembled to form models of robot components, that were used to implement
16
3.3 A multi-axes model
a model of the robot. The model was constructed to capture characteristics of links,
such as torsion and flex. All developed models of the components are in a package
named Robot. In Figure 3.10 a model of the robot is presented. Models presented in
this chapter were implemented in Dymola, unless something else is stated.
Developed models of a mechanical structure
Robot.MechanicalStructure: A model of the mechanical structure of the robot.
A graphical representation is shown in Figure 3.3. It contains models of type
Robot.Link to model flexible links, a model of Modelica.Mechanics.Multibody.-
World to model a gravitational field and models of Modelica.Mechanics.Multibody.-
Joints.Revolute to model the robot’s joints.
Robot.Link: A model of a flexible link. A graphical representation is seen in
Figure 3.4. A flexible link is implemented with models from the Modelica Standard
Library. It contains a model of Robot.TorsionConnection to model torsion, models
of Robot.FlexibleConnection to model flex, and models of Modelica.Mechanics.-
Multibody.Parts.BodyShape to build the link.
Robot.TorsionConnection: A model was implemented to describe torsion. A
graphical representation is presented in Figure 3.5. It contains the following
models from the Modelica Standard Library; Modelica.Mechanics.Multibody.-
Joints.Revolute to define around which axis a rotation should by possible,
Modelica.Mechanics.Rotational.Components.Damper to model damping in the tor-
sion, Modelica.Mechanics.Rotational.Components.Spring to limit the torsion, and
Modelica.Mechanics.Rotational.Components.Fixed to give a point for the torsion
to act around.
Robot.FlexibleConnection: A model was implemented to model flex. A
graphical representation is presented in Figure 3.6. It contains the following
models from the Modelica Standard Library; Modelica.Mechanics.Multibody.-
Joints.Revolute to define around which axes a rotation should by possible,
Modelica.Mechanics.Rotational.Components.Damper to model damping in the
flex, Modelica.Mechanics.Rotational.Components.Spring to limit the flex, and
Modelica.Mechanics.Rotational.Components.Fixed to give a point for the flex to
act around.
17
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Figure 3.3 A representation of the model of Robot.MechanicalStructure. To the
left in the Figure there are gray circular flanges that can be connected to from outside
the model, to drive the joints. The blue rectangles are components of type Robot.Link.
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Figure 3.4 A representation of the model Robot.Link. The models at the top and
bottom of the Figure are frames that the Robot.Link can be connected to from outside
of the model. The blue models are of type Modelica.Mechanics.MultiBody.Parts.-
BodyShape. The model below the bottom BodyShape is a model of type Robot.-
TorsionConnection. The two models between the components of type BodyShape
are models of type Robot.FlexibleConnection.
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Figure 3.5 A representation of the model Robot.TorsionConnection. The model
can be connected to the two frames from outside the model. The component named
fixed provides a fixed point in space given in the coordinate system that frame_a1 (of
type Modelica.Mechanics.MultiBody.Interfaces.Frame_a) defines. frame_a1 defines
a coordinate system that is fixed to a mechanical component that is connected to
from outside the model.
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Figure 3.6 A representation of the model Robot.FlexibleConnection. The model
can be connected to the two frames from outside the model. The component named
fixed provides a fixed point in space given in the coordinate system that frame_a1 (of
type Modelica.Mechanics.MultiBody.Interfaces.Frame_a) defines. frame_a1 defines
a coordinate system that is fixed to a mechanical component that is connected to
from outside the model.
21
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A model of drive trains
Robot.Drivetrain: A model of transmissions of a robot. A graphical repre-
sentation is presented in Figure 3.9. It contains the following models; Robot.-
Transmission_a to model a part of the transmission, Robot.Multigear to model a
robot’s gearbox, and a Robot.Transmission_b to model a part of the transmission.
It has several inputs for external torques, one for each joint, as seen in Figure 3.9.
These are there to be able to take known process forces into account when a simu-
lation is performed.
Robot.Transmission_a and Robot.Transmission_b: Models of parts of a trans-
mission. Graphical representation is presented in Figures 3.7 and 3.8. Together
they contain all the models from the one-dimensional transmission shown in
Figure 3.1, Modelica.Mechanics.Rotational.Sensors.AngleSensor to give angles
and Modelica.Mechanics.Rotational.Sensors.SpeedSensor to give angular velocity.
There are two models that describe different parts of the transmission so a model
with a gearbox could be implemented.
Robot.Multigear: A model of a gearbox. The model contains a coupling matrix
that allows cross-couplings between more than one joint and one motor, so that one
motor, e.g., can affect several joints.
Robot.Drivetrain, presented in Figure 3.9, has components of type Robot.-
Transmission_a, Rotot.Multigear and Robot.Transmission_b. If it were not any
cross-couplings in the matrix in Robot.Multigear, and no external torque input, the
Robot.Drivetrain would be equivalent with six independent transmissions of the
same type as shown in Figure 3.1.
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Figure 3.7 A representation of Robot.Transmission_a that is a model of a part of
the transmission.
Figure 3.8 A representation of Robot.Transmission_b that is a model of a part of
the transmission.
23
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Figure 3.9 A representation of the model Robot.Drivetrain. The flanges on the left
side of the Figure are to be connected to motors from the outside of this model.
The flanges on the right side of the Figure are to be connected to the Robot.-
MechanicalStructure from the outside of this model. The rectangles next to the left
flanges are components of the type Robot.Transmission_a, and the rectangles next to
the right flanges are components of the type Robot.Transmission_b. The rectangle in
the middle is a component of type Robot.Multigear. The blue triangles at the bottom
of the Figure are inputs for external torques acting on the joints.
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Figure 3.10 A representation of the robot. The component named Drive is of
type Robot.Drivetrain, and the component named Structure is of type Robot.-
MechanicalStructure. The component to the left is a constant input (Modelica.-
Blocks.Sources.Constant) for the external torques. The gray ovals in Drive are inputs
for torques that should act on the transmissions, but in the Figure there are no torques
connected.
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4.1 The logged data and what it was used for
The data logged and used in the identification were the torque and the position.
The torque from the motors were measured on the motor side, but they were scaled
by the gear ratio to give the torque on the arm side (this was done by the KUKA
system), so the given torque had to be divided by the gear ratio in order to get the
torque on the motor side. In all Figures it is the torque on the motor side that is
displayed. The position was measured on the motor side, and the unit was degrees,
so it was transformed to radians. The time when the samples were taken were also
logged. The sampling times were used in the simulations, together with the mea-
sured torque.
4.2 Characteristics of a clamping curve
There are some characteristics that make up the shape of clamping curves. These
characteristics are to by described by parameters that are identified from clamping
data. A clamping curve with exaggerated characteristics is shown in Figure 4.1.
There is a spring constant that describes the behavior of the clamping curve in the
linear regions, and this constant has to be identified. The backlash also needs to be
identified, as well as the friction. There are parameters that describe the behavior
of the clamping curve in the nonlinear intervals as well, but these are not identified,
just the intervals are identified, because when the linear region and the backlash
region are identified, the remaining intervals are the nonlinear intervals. One could
identify parameters that describes the clamping curve in the nonlinear intervals as
well, for instance by polynomial fitting, but then another model is needed than the
model shown Figure 3.1, so this has not been done in this thesis.
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Figure 4.1 A clamping curve with exaggerated characteristics. The characteristics
that make up the shape of a clamping curve have been marked. There is just one
linear region and one nonlinear region marked in the picture, but there is one of each
present in the left part of the picture as well even though they are not marked.
4.3 Parameter identification
The parameter identification was performed in Matlab. Two different algorithms
were developed, Algorithm I and Algorithm II. To be able to identify parameters
from clamping data, the data needed to be preprocessed before the identification
could be performed. The two developed algorithms had different preprocessing of
the data. Algorithm I was not as robust as Algorithm II, and Algorithm II had a bet-
ter preprocessing of the data before the actual identification of the parameters was
performed. The preprocessing of the data before the identification in Algorithm II
used information about how the data was acquired, which Algorithm I did not. The
clamping data that were processed consisted of a vector that contained positions
and a vector that contained the corresponding torques. Every position and the corre-
sponding torque in the two vectors represented a point. The elements in the vectors
appeared in the order that the data was sampled. The identification was done in or-
der to identify the parameters that can be used to more accurately simulate a robot.
The simulations can then be used to predict position errors, and the accuracy can be
increased if the result of these simulations are used as feed-forward.
Algorithm I
The preprocessing of the data started with the removal of the beginning of the data
series. That was done in order to remove initial transient behaviour. The initial tran-
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sient behaviour is seen in the middle of Figure 6.1, encircled by the cycles. Then the
elements in the position vector were scaled so that every position became an integer
value between one and the full desired resolution of the measurements. A higher
value chosen for the resolution gave a smaller quantisation effect due to the round
off that was a part of the scaling. The scaling was done in a way that the small-
est value of the position in the data series got the value one after scaling, and the
biggest value of the position got the value resolution after the scaling. The scaling
preserved the relative distance between the position points, except for the quantisa-
tion. The next step was to separate the data in a lower and upper curve. That was
done by calculating the mean of every torque in the data series that had the same
scaled position. That gave a vector with mean torques that had the length resolution,
where every position in the vector held the mean values of the torques that corre-
sponded to the same scaled positions. This was basically a bin sort for the torques,
based on the scaled positions. A least-squares fit for a line was then performed for
a number of these mean torques and the corresponding scaled positions. That basi-
cally means that there were several least-squares fits that were performed until the
whole scaled position interval from 1 to resolution was covered with lines that were
able to separate the data in a lower and upper curve. These lines are seen in Figure
4.2, plotted with the separated curves. Each of these lines was calculated from a
given position interval, and was used to separate the data in that interval in a lower
and an upper curve. That the line was able to separate the lower and upper curve
was built on the assumption that there were points in both the upper and lower curve
over the specific interval.
The positions in Figure 4.2 are the scaled ones. It is therefore the label of the
x-axis is "Motor positions (channel)", where channel refers to the scaling of the
motor positions to discrete values between one and resolution. The resolution was
set to 10000 when Figure 4.2 was created. A fraction of 0.1 of the position interval
was removed from both ends of the position interval. This was done to remove the
dynamics that is present in the ends of the position interval. Therefore, the x-axis
only covers values between 1000 and 9000 even though the resolution was 10000.
Outliers were then removed for the upper and lower curve separately. This was done
by fitting many short straight lines piecewise over the interval by the least-squares
methods, and calculate the standard deviation for the points over one such line. If
the error that was calculated from a point relatively to the least-squares line, was
bigger than a given number multiplied with the standard deviation, that point was
discarded. This approach for removing outliers was based on the assumption that the
clamping curve can be approximated by many short straight lines. For the torques
that had the same value for the positions, the mean of them was calculated. Now
the lower curve and upper curve were represented as two vectors where the indices
were the same as the scaled positions, and they contained torque values. Linear
interpolations were performed to fill the gaps where there were no torque values,
using the torque values between the gaps. The preprocessed data for joint one and
three are shown in Figures 6.7 and 6.8, where the motor angles have been scaled
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Figure 4.2 The experimental data was separated in a lower and an upper curve,
based on the yellow lines. The red curve above the yellow lines was separated from
the blue curve below the yellow lines.
back to motor radians to make a comparison easier.
Once the data had been preprocessed, the identification of the spring constant,
the backlash and the friction should be performed. The lower curve and the upper
curve were treated separately. The lower and upper curves went through the same
identification procedure as will be described next. The preprocessed data, that con-
sisted of the lower and upper curve shown in Figure 6.7, will be addressed as the
curve in the following text. When it is said that some analysis was performed for
one curve, it was performed on both the lower and upper curve separately.
First the curve was filtered with a moving average filter to reduce high fre-
quency measurement noise (non-causal filtering was used in order to keep phase).
The backlash was identified as the longest interval were the derivative of the curve
was less than a certain threshold. The threshold was calculated as a fraction of the
slope of the straight line, that was derived through a least-squares fit for all the data
points of the curve. If an interval was found, a least-squares fit for a straight line for
the data points in that interval on the curve was performed. That was done in order
to verify that the slope of the line was zero or bigger. If the slope of that line was
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less than zero, the backlash interval was incremented with one channel (or index
in the vector), on both sides of the interval, and a new line was derived through a
least-squares fit for the points in that new backlash interval. Then the slope of the
line was checked again, and the previous increment of the interval was performed
until the slope became zero or bigger.
The nonlinear intervals on the curve were then identified. The identification of
the nonlinear interval was done separately, and in the same manner, for the part of
the curve that was to the left side of the backlash interval, and the part of the curve
that was to the right side of the backlash interval. Therefore the identification of the
nonlinear interval for just the right side of the backlash interval is described. A least-
squares fit for a straight line was performed for the data on the curve that was to the
right side of the backlash interval. Then the derivative for the curve to the right side
of the backlash interval was calculated. Then the absolute value of the derivative
of the curve was compared to the absolute value of the slope of the straight line.
For all the consecutive points on the curve to the right side of the backlash interval,
that had an absolute value of the derivative that was less than the absolute value of
the slope for the straight line, these points were considered to be in the nonlinear
interval.
When the backlash interval and the nonlinear intervals had been calculated, the
two intervals that were left on the curve were considered to describe the spring
constants. A least-squares fit of a straight line was performed for both of these
intervals, and the slope of each line was considered to be a spring constant.
The friction was calculated by taking the difference in torques for the same
positions for the upper curve and the lower curve, showed in Figure 6.7, and take
the mean of all these differences, and divide it by two.
In Figure 4.3 the intervals are marked with vertical lines. Figure 4.3 is derived
from the experimental data for joint 1, shown in Figure 6.1. There are two backlash
intervals, one for the upper part of the clamping curve, and one for the lower part
of the clamping curve. When it comes to the nonlinear intervals, there are four such
intervals. Two for the upper part of the clamping curve and two for the lower part.
The parts of the curve that are not in these intervals are assumed to be straight lines
described by the spring constants. That assumption looks more valid if Figure 4.2 is
considered, where the ends of the intervals that contains the turning dynamics have
been removed. So there were four identified spring constants.
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Figure 4.3 The identified intervals for the clamping curve for joint 1, shown in
Figure 6.1. The intervals are marked with vertical lines on the experimental data.
The beginnings of the experimental data series have been removed. The backlash
interval is between the two inner lines for the upper and lower part of the clamping
curve, and the nonlinear intervals are between the outer lines and the closest inner
line. The parts of the curve that are outside these lines are considered to be in a linear
region described by spring constants. The division of the data into different intervals
was necessary in order to identify the parameters.
The identification of the friction resulted in one value, while the identification
of the backlash resulted in two values, one for the lower curve and one for the upper
curve. There were four identified spring constants, two for the lower curve and two
for the upper curve. The final backlash constant and the spring constant that was to
be used in the simulations were calculated as the mean values of the two backlash
constants respective the four spring constants. The calculated constants are shown
in Table 6.1.
Algorithm II
The preprocessing of the clamping data started by separating and counting the num-
ber of halfcycles in the data. A halfcycle is defined as the consecutive data points
between the two turning regions of the clamping curve, as seen in Figure 4.4, where
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the turning regions have been marked in the experimental data for joint one, shown
in Figure 6.1. So a halfcycle is represented by consecutive points of data. The clamp-
ing curve is built up by many halfcycles. The upper part of the curve in Figure 4.4
consists of data points where the torque and position were increased, and the lower
part of the curve consists of data points where the torque and position were de-
creased. A halfcycle was identified as the consecutive points of elements that had
the same sign in the derivative vector. The derivative vector was calculated from the
position vector as the difference between consecutive elements. When the sign in
the derivative vector was used to separate the halfcycles, information about how the
experiment was performed was taken into account. Because that separation uses the
fact that the positions increase and decrease a number of times in the data series, and
the increase or decrease in positions can be used to separate the data into halfcycles.
Figure 4.4 The turning regions have been marked. In these regions the velocity
changes direction. A halfcycle is defined at the consecutive points of data between
these two regions. Because the velocity was close to zero or zero in the turning
regions, there are much more data points in these regions.
The data points are much more dense in the turning regions of the clamping
curve. That is because the velocity was close to zero or zero in these regions, while
the sampling rate of the data points was constant. This became a problem when
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the halfcycles were to be separated based on when the sign in the derivative vector
changed, as the sign in the derivative vector may change rapidly when the turning
regions are considered. This leads to that many halfcycles are detected that consist
of points in just the turning regions, which is wrong, as a halfcycle shall go between
one turning region and the other. This was solved by taking the distances between
the positions in the position vector into account. The mean distance between all
position points was calculated, and if the distance between two position points were
smaller than the mean distance, the corresponding element in the derivative vector
was set to zero. This made that the changes of signs in the turning regions were
removed, as the distance between these points is relatively small when all data is
considered. The derivative vector was also filtered with a moving average filter to
filter out measurement noise. Non-causal filtering was used in order to keep phase.
After that the halfcycles could be identified as sequences in the derivative vector
that had the same sign. The corresponding elements in the position vector and the
torque vector to these sequence points built up the halfcycles.
After that the halfcycles were treated separately in order to remove outliers and
the turning dynamics. A certain fraction of the data from each halfcycle was re-
moved. The data that was removed consisted of the points that had the smallest and
biggest values for the positions. This was done in order to remove outliers. The
turning dynamics were then removed by removing a certain fraction of the position
interval from both ends for each halfcycle. Then outliers were removed from the
halfcycles by fitting a straight line by the least-squares method for each halfcycle.
The standard deviation for all points in one halfcycle relative to this line was calcu-
lated, and every point that had a distance relative to this line that was bigger than
the standard deviation multiplied with a constant was removed. The halfcycles were
also checked if they contained enough data points, and if that was not the case that
halfcycle was removed.
Then a straight line was fitted by the least-squares method for every halfcycle
(here twelve halfcycles were used). The two parameters that described every de-
rived line were then used to remove halfcycles if the parameters stood out among
the others. That was done to remove outliers, e.g., halfcycles that were different due
to initial conditions. Halfcycles were removed by calculating the mean of the the
parameters, and then the standard deviation towards these two means. If the abso-
lute difference between a parameter and the corresponding mean was bigger than
the standard deviation for that parameter, multiplied with a constant parameter (the
value 2 was used here), that halfcycle was removed.
The next step was to separate the halfcycles that made up the lower part of
the curve from the halfcycles that made up the upper part of the curve from each
other. The parameters for the fitted straight lines could not by used to separate the
halfcycles directly, because the slope for each halfcycle is almost the same as for all
halfcycles. The other parameter that gives the intersection with the y-axis could be
used if the interval of the points in all halfcycles were centered around the y-axis.
However, that was not the case, so that approach could not be used either. Instead
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a representative torque for each halfcycle based on the parameters for each least-
squares fit was calculated. The representative torque was calculated using the mean
position for all data points. This gave a representative point for each halfcycle in the
interval where there were much data, and where the parameters for the straight lines
were valid. The halfcycles were then separated by calculating the mean torque for
all representative points, and if the torque in a representative point was bigger than
the mean torque the halfcycle was considered to belonging to the upper curve, and
otherwise to the lower curve.
Then halfcycles were to be removed based on the parameters from the least-
squares fitted straight lines. The procedure was the same as described earlier in this
section, with the difference that the halfcycles that belonged to the lower curve were
treated separately from the halfcycles that belonged to the upper curve. This was
done because outliers that were not detected earlier could be detected now, when
the data was divided into two sets.
All the information in the halfcycles could now be used to build a lower curve
and an upper curve, that could be used to identify the parameters. All the upper
halfcycles were used to build the upper curve, and the lower halfcycles were used to
build the lower curve, and the procedure was the same for both the lower curve and
the upper curve. The procedure described next will later be referred to as to merge
curves. Every halfcycle covered a position interval, and a position interval that had
at least a given number of halfcycles that covered that interval was chosen. The
position interval was represented as a vector, with a given number of indices, that
contained evenly spaced positions in the chosen interval. A torque vector that had
the same size as the position vector was created. For every one of these positions
in the position vector, a torque had to be calculated from the halfcycles that had an
interval that contained that position. The mean of these torques from the halfcycles
should then be calculated and inserted in the torque vector, at the same index as the
position had in the position vector. If the position in the position vector had the same
value in a halfcycle, the corresponding torque in that halfcycle was used to build the
mean torque. If the position in the position vector had a value that was between two
points in a halfcycle, a weighted mean of the two corresponding torques for the two
points in the halfcycle was calculated. The weights for the two torques corresponded
to a linear interpolation between the two points.
In Figures 6.9 and 6.10 the preprocessed data are shown for joint one and three.
The preprocessed data from Algorithm II is plotted on the experimental data in Fig-
ures 6.11, 6.12, 6.13, 6.14 and 6.15. The data could be rejected in the preprocessing
if the fraction of halfcycles that was removed was to big. That was the case for joint
two. The friction was identified as half the mean distance between the two curves
in the preprocessed data.
In Algorithm II there was a different approach to the identification. Both the
lower and upper curve were transformed to a single curve, that was used to identify
the parameters. The identification procedure is shown for the data from joint one
(seen in Figure 6.1), in Figures 4.5, 4.6, 4.7 and 4.8. The backlash was identified as
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the longest interval were the derivative of the curve was less than a certain threshold
for both the lower and upper curve. The threshold was calculated as a fraction of
the slope of the straight line, that was derived through a least-squares fit for all the
data points on the curve (the same as for Algorithm I). Then the lower curve was
displaced so the middle of the backlash intervals for the lower and upper curve had
the same position. If no backlash were found for either of the curves, the middle of
the backlash interval was considered to be at the point where the torque in that curve
was closest to zero. The curves are shown in Figure 4.5 after that the lower curve
has been displaced. Then the lower curve was displaced in the vertical direction by
moving the lower curve upward the mean distance between the two curves. The two
curves are seen in Figure 4.6 after that the lower curve has been displaced. The two
curves were then merged, in the same way as it was done in the preprocessing of
the data. The one curve that was the result of the merge is seen in Figure 4.7.
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Figure 4.5 The lower curve has been displaced so the middle of the backlash in-
tervals for both curves coincide.
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Figure 4.6 The lower curve has been displaced by moving the lower curve upward
the mean distance between the two curves.
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Figure 4.7 The lower curve and upper curve have been merged to one curve.
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The middle of the merged curve was chosen to be in the middle of the interval
where the slope was less than a certain threshold. If no such interval was found
the middle was chosen to be the point on the curve that was closest to zero torque.
The merged curve was then cut in the middle. The elements in the left piece were
then rearranged so that elements at the first index and at the last index changed
place, and the other indices changed places in the same manner. Then a new curve
was formed by taking the torque value of the right curve minus the torque value at
the left curve, and dividing the result by two. The operations were performed for
the overlapping indices for the two curves, starting at the first index for the both
curves. The result is seen in Figure 4.8. This derived curve has been constructed
from the two separate curves from the preprocessing. It contains the information
needed for the parameters of interest to be identified except for the friction, that was
identified directly from the preprocessed data, as half the mean distance between the
curves. The scale for the x-axis in Figure 4.8 is now indices, but since the difference
between any consecutive indices corresponds to a given angle, it is not a problem.
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Figure 4.8 The merged curve has been transformed.
The curve in Figure 4.8 was used for the identification. The backlash interval
was identified as the length of the interval, starting from the first index, where the
the derivative was less than a certain threshold. The threshold was calculated as
a fraction of the slope for a straight line, that was derived by a least-squares fit
for the whole curve. The spring constant was calculated as the slope of a straight
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line derived by a least-squares fit for the curve, where the beginning of the curve
corresponding to the backlash interval had been removed.
If the transformation to the curve shown in Figure 4.8 was not possible, the
identification of the parameters was done in the same way as in Algorithm I. The
merge of the curves was not performed if the middles for the lower and upper curve
were not found, or if the merged curve had a too uneven distribution of data points
to the left of the middle compared to the right of the middle. In either case, the
identification of the parameters was performed according to Algorithm I (with the
preprocessed data from the second algorithm).
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5.1 The clamping procedure
To acquire data the robot’s end-effector was locked (clamped) to a point in space,
and in the ideal case this point would be completely stiff. Then the robot’s motors
were run, so the torque over each axis was slowly built up and decreased, while the
robot’s motor positions and the torques were logged, by using the robot’s own sen-
sors. The clamping procedure was presented in [11]. If the clamping point was stiff
enough, the logged data then contained information about the compliance, back-
lash and friction of the transmissions. It was these data that were used to derive the
parameters for the models of the transmissions.
The idea to lock the robot’s end-effector to a stiff point in space (relatively to the
stiffness of the robot’s parts) and run the motors for each joint separately, and log the
torques and motor positions is called the clamping procedure. When the torques are
plotted as a function of the positions, this gives a clamping curve, which contains
information about the transmission. A clamping curve for joint one is shown in
Figure 6.1.
The procedure to use the robot’s own sensors to log the data during a clamping
experiment is a huge advantage because no additional equipment except a clamping
point is needed. It is easy to perform a clamping experiment once the code for the
specific robot type has been written. This makes it fast and easy to calibrate the
robots individually, and they can maintain accuracy despite wear such as increased
backlash.
5.2 What can be identified from a clamping experiment
Ideally the clamping experiment should generate a clamping curve as shown in
Figure 6.1. The spring constants can then be identified as the slope of the straight
lines in the intervals shown Figure 4.3. The backlash can be identified as an interval
close to zero torque, were the slope is less than for the rest of the curve. The interval
where there was a backlash detected, for the data from joint one, that is shown in
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Figure 6.1, is marked out in Figure 4.3. The friction is the torque corresponding to
half the vertical distance between the two lines shown in Figure 6.1.
5.3 A non-stiff clamping point
The measured positions and torques during a clamping experiment give information
about the transmissions. Ideally the clamping point would be completely stiff, and
the measured positions would all stem from the flex in one of the the transmissions,
and not from the clamping point, other transmissions or the robot’s arm structure.
This is not true, however, since nothing is infinitely stiff. An assumption is that the
transmission is the least stiff part of these, and that the measured clamping curve
mostly corresponds to the flex in the transmission, and that the clamping curve then
contains information about that transmission.
5.4 The experimental setup for the data collection
The experimental setup consisted of a stiff clamping point that the robot’s end-
effector was locked to. The tool that connected the end-effector to the stiff clamping
point is shown in Figures 5.1 and 5.2. The experimental setup is shown in Figures
5.3 and 5.4. The stiff clamping point was the metal block showed in Figures 5.3 and
5.4.
Figure 5.1 The device that was used to to connect the robot’s end-effector to the
clamping point.
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Figure 5.2 The device that was used to to connect the robot’s end-effector to the
clamping point.
Figure 5.3 The experimental setup for the clamping experiment.
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Figure 5.4 The experimental setup for the clamping experiment. The device con-
necting the end-effector to the clamping point is to be secured with the screws shown
in the picture. The clamping point is the metal block.
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Results
6.1 The experimental data from the robot
Data was acquired from the robot during a set of clamping experiments where posi-
tions and torques of the motors were logged. The experimental data from the clamp-
ing experiments are shown in Figures 6.1, 6.2, 6.3, 6.4, 6.5 and 6.6. The experimen-
tal data for joint 2 presented in Figure 6.2 is not centered around zero torque, and
there are wavelike forms in the experimental data for joint 4, 5 and 6 presented in
Figures 6.4, 6.5 and 6.6. This is discussed in Chapter 7 (Discussion).
Figure 6.1 Experimental data for joint 1.
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Figure 6.2 Experimental data for joint 2.
Figure 6.3 Experimental data for joint 3.
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Figure 6.4 Experimental data for joint 4.
Figure 6.5 Experimental data for joint 5.
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Figure 6.6 Experimental data for joint 6.
6.2 The preprocessed data from Algorithm I
The preprocessed data for joint one and three, from Algorithm I, are shown in
Figures 6.7 and 6.8.
Figure 6.7 The preprocessed data for joint one from Algorithm I. The lines have different
colors representing that the data has been separated into two sets.
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Figure 6.8 The preprocessed data for joint three from Algorithm I. The lines have different
colors representing that the data has been separated into two sets.
6.3 The preprocessed data from Algorithm II
The preprocessed data from Algorithm II, for joint one and three, are shown in
Figures 6.9 and 6.10. All preprocessed data from Algorithm II is plotted on the
experimental data in Figures 6.11, 6.12, 6.13, 6.14 and 6.15. For joint two the pre-
processing was rejected, because there were not enough data points.
Figure 6.9 The preprocessed data for joint one from Algorithm II. The lines have different
colors representing that the data has been separated into two sets.
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Figure 6.10 The preprocessed data for joint three from Algorithm II. The lines
have different colors representing that the data has been separated into two sets.
Figure 6.11 The preprocessed data for joint one, from Algorithm II, is plotted on
the experimental data. The experimental data is blue, and the preprocessed data is
red.
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Figure 6.12 The preprocessed data for joint three, from Algorithm II, is plotted on
the experimental data. The experimental data is blue, and the preprocessed data is
red.
Figure 6.13 The preprocessed data for joint four, from Algorithm II, is plotted on
the experimental data. The experimental data is blue, and the preprocessed data is
red.
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Figure 6.14 The preprocessed data for joint five, from Algorithm II, is plotted on
the experimental data. The experimental data is blue, and the preprocessed data is
red.
Figure 6.15 The preprocessed data for joint six, from Algorithm II, is plotted on
the experimental data. The experimental data is blue, and the preprocessed data is
red.
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6.4 The simulations
The one-dimensional transmission model
Algorithm I only worked for the experimental data for joint 1, as seen in Figure
6.1. Algorithm I identified the values for the spring constant, the backlash and the
friction. The backlash intervals that were identified are shown in Figure 4.3. The
identified parameters are shown in Table 6.1.
spring constant (Nm/rad) Backlash (rad) Friction force (Nm)
2.57e+01 1.02e-02 1.91
Table 6.1 The identified parameters for joint 1. The identification was performed
using Algorithm I.
A simulation with the parameters in Table 6.1 was performed in JModelica.org,
and the result is seen in Figure 6.16. The model that was used in the simulation
is seen in Figure 3.2. The input to the model was the measured torques from the
clamping experiment for joint 1, shown in Figure 6.1, and the logged time when
the torques were sampled. The output from the simulation was the motor position,
which was the angle of flange_a in Figure 3.2. The simulated clamping curve in
Figure 6.16 is plotted on the experimental data in Figure 6.17.
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Figure 6.16 The simulated clamping curve for joint 1. The simulation was per-
formed in JModelica.org. In the simulation the same torques that were measured
during the clamping experiment were used. The output from the model were the mo-
tor positions. What is plotted is the measured torques from the clamping experiment,
and the motor positions from the simulation.
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Figure 6.17 The simulated clamping curve is plotted on the experimental data for
joint 1. The red curve is from the simulation and the blue curve is the experimental
data.
Algorithm II worked for the data from all joints except for joint 2. The data are
shown in Figures 6.1, 6.2, 6.3, 6.4, 6.5 and 6.6. The simulations performed with
the data and the identified parameters from Algorithm II are shown in Figures 6.18,
6.19, 6.20, 6.21 and 6.22
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Figure 6.18 The simulated clamping curve is plotted on the experimental data for
joint 1. The red curve is from the simulation and the blue curve is the experimental
data.
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Figure 6.19 The simulated clamping curve is plotted on the experimental data for
joint 3. The red curve is from the simulation and the blue curve is the experimental
data.
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Figure 6.20 The simulated clamping curve is plotted on the experimental data for
joint 4. The red curve is from the simulation and the blue curve is the experimental
data.
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Figure 6.21 The simulated clamping curve is plotted on the experimental data for
joint 5. The red curve is from the simulation and the blue curve is the experimental
data.
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Figure 6.22 The simulated clamping curve is plotted on the experimental data for
joint 6. The red curve is from the simulation and the blue curve is the experimental
data.
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Discussion
7.1 The experimental data
The experimental data are shown in Figures 6.1, 6.2, 6.3, 6.4, 6.5 and 6.6. In Fig-
ures 6.4, 6.5 and 6.6 it can be seen that the clamping curves are made up by more
wavelike lines, compered to the clamping curves showed in Figures 6.1, 6.2 and
6.3. This is probably due to that the regulation of the joint positions for the other
joints interfered with the clamping experiment for these joints. This is a source of
error that effects the identification of the parameters. But since the simulations of
the clamping experiment for joints 4, 5 and 6, shown in Figures 6.20, 6.21 and
6.22, are similar to the experimental data, this source of error did not seem to affect
the identification of the parameters too much. In the experimental data for joint 2,
presented in Figure 6.2, the data is not centered around zero torque. When that hap-
pens it might not be possible to identify the backlash from that data. The backlash is
present around zero torque, and if the experimental data does not cover that torque
interval where the backlash is present, the backlash can not be identified.
7.2 The logged data and transformations
The torque that was measured at the motor side was scaled by the gear ratio to give
the torque at the arm side (this was done by the KUKA system). But in order to run
the simulation with the model shown in Figure 3.2, the torque at the motor side was
needed. That was taken care of by dividing the torque that the KUKA system gave
with the gear ratio for the transmission, and that gave the torque at the motor side.
7.3 The numerical properties of the model
In the model of the one dimensional transmission seen in Figure 3.1, there are two
dampers present. No parameters for these dampers were identified. The damping
constants for those dampers were set to a small value. The reason for those dampers
is the numerical properties for the model. If those dampers were not present the
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derived equations for the model became too stiff, and the solver of JModelica.org
had problems solving them. This is probably due to oscillations that became present
without damping in the simulation that the solver had problem handling. There is a
valid assumption that there is damping present in the transmission even if it is not
identified in the clamping procedure.
7.4 The identification algorithms
Algorithm II worked better than the first one. That is seen when the data from joint
three, shown in Figure 6.3 is preprocessed by Algorithm I and Algorithm II. The pre-
processed data from Algorithm I differs greatly from the preprocessed data from Al-
gorithm II, shown in Figures 6.8 and 6.10. It is clear that the preprocessed data from
Algorithm II is better than that from Algorithm I, when Figure 6.12 is considered.
In Figure 6.12 the preprocessed data from Algorithm II is plotted on the clamping
data. The main reason that result of the preprocessing of the data from Algorithm I
shown in Figure 6.8 was not good, is that not enough initial data was removed from
the data series in the preprocessing. The initial data shows the transient behavior,
and is seen clearly in Figure 6.8. In Algorithm I precision was lost due to quantisa-
tion from the round of the measured positions. This was not the case for Algorithm
II, where the torque for a desired position was calculated as the weighted mean of
the torques, corresponding to the distances to the two closest measured positions.
The preprocessed data from Algorithm II is plotted on the clamping data in Figures
6.11, 6.12, 6.13, 6.14, and 6.15. It is seen that the result of the preprocessing of
the the data in Algorithm II worked satisfactorily. The experimental data shown in
Figure 6.2 was rejected by the preprocessing of Algorithm II, because the clamping
curve did not contain enough data points between the turning regions.
7.5 The simulations
The simulation data is plotted on the experimental data in Figures 6.18, 6.19, 6.20,
6.21 and 6.22. It is seen in Figures 6.19 and 6.21 that there are data points in the
turning regions that stand out among the others, and give rise to a vertical line
in each Figure. If it could be that it shows a numerical problem that the solver
had during the simulation, or that there is something that is not modeled in the
turning regions is hard to tell. Anyway, it is still single points, so they could easily
be detected by a comparison among the points, and then removed.
7.6 Assumptions made and further work to be done
When the parameters were identified from the clamping data, there was one identi-
fied value for the friction force. Since the friction force is velocity dependent, and
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the velocity is not constant, the model can not capture the behavior for all parts of
the clamping curve. This is seen in Figure 6.17 were the simulation differs the most
from the experimental data in the turning regions. The friction force was identified
from the data were the turning regions had been excluded. The velocity between the
turning regions was also assumed to be constant, which leads to one value for the
friction. The assumption that the velocity between the turning regions is constant is
a good approximation, based on the way the experiment was performed. The torque
was slowly increased or decreased, so the system was always close to an equilib-
rium between the torque and the force that stemmed from the displacements.There
was therefore only a small additional force that could lead to an acceleration and a
change in velocity. The assumption seems valid when Figures 6.18, 6.19 6.20, 6.21
and 6.22 are considered, where the simulation agrees well with the experimental
data except for the turning regions. The similarity between the experimental data
and the data from the simulations shows that the model of the transmission, shown
in Figure 3.1, is capable of recreating the behavior of the joints during a clamping
experiment.
There was only one value for the friction that was identified. This is not a limita-
tion of the model. A whole table consisting of friction forces for different velocities
can be used, including the friction force corresponding to zero velocity, i.e., static
friction. To derive this table, a different set of experiments has to be executed, and
parameters have to be identified. This is however beyond the scope of this thesis.
It is though of interest for further investigation, if the turning regions of the simu-
lated clamping curves shown in Figures 6.18, 6.20, 6.21 and 6.22 could be better
recreated using the mentioned additional information.
The multi-axes robot model that was developed was never tested on experimen-
tal data. It is of interest to see if it is capable of recreating the clamping curves better
than the one-dimensional transmission models did. It should be able to do this, be-
cause in the multi-axes robot model the compliance of the links are accounted for,
and with the right values inserted in the model, the predictions of the clamping
curves should be better. The multi-axes robot model should be validated by a com-
parison with a real robot, i.e., the multi-axes robot model should be able to recreate
the errors that a real robot make, when it has the same reference as input (position
references), for example when the reference position input is a circle. To be able
to validate the multi-axes robot model through a simulation, models of the servos
have to be developed. The compliance for the links are also needed, and need to
be measured somehow (perhaps by running a test-program on the robot of interest,
and identify the parameters). The mass of different parts of the robot need to be
measured and included in the multi-axes robot model to make it capable of recre-
ating the effects of gravitation. If the real robot encounters process forces when it
is run, these process forces need to be fed to the multi-axes robot model during the
simulation as external torques. How the process forces shall be measured, and how
these process forces correspond to the external torques, need to be investigated.
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Conclusions
The one-dimensional transmission-model was able to recreate the clamping curves
with great accuracy, with the derived parameters from the clamping data. This in-
dicates that the method of acquiring data with the clamping procedure, and to sim-
ulate models of the transmissions in JModelica.org, is sufficient to predict errors
that stems from the transmission. The conformity between the clamping data and
the simulations also indicates that the developed algorithm correctly identifies the
parameters that describe the transmissions. The robot model that was used in this
thesis (a KR 300 R2500 ULTRA), is a representative example for industrial robots.
Their structure is similar as well as their characteristics so even though the focus
in this thesis was on an individual robot, the developed methods are of a general
interest and are applicable for a wide range of industrial robots. The identifica-
tion algorithm developed in this thesis is going to run on the Cognibotics server,
so users can connect to it and get parameters that describe transmissions identified
from clamping data.
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